ABSTRACT The conversion of histology slides into electronic format represents a key element in modern histopathology workflows. The most common way of converting physical histology slides into digital versions consists of tile-based scanning. In such approaches, the entire image of the slide is generated by consecutively scanning adjacent sample regions with a degree of overlap and then stitching these together to constitute an image mosaic. To achieve a high-quality result, the image acquisition protocol for collecting the mosaic tiles requires a recalibration of the microscope when moving from one sample region to another. This recalibration procedure typically involves focus and illumination adjustments, aimed at rendering a homogeneous image mosaic in terms of brightness, contrast, and other important image properties. The accurate evaluation of the digital slide's quality factor is, therefore, an important matter, as it can lead to designing efficient (and automated) mosaic generation protocols. We introduce here a new methodology for the evaluation of image mosaics collected with brightfield microscopy on histology slides, coined Objective Quantifiable Scoring System (OQSS). It relies on objective scoring criteria that take into consideration fundamental characteristics of image mosaics, and on histology specific aspects. We present the theoretical principles of this methodology and discuss the potential utility of this framework as a quality ground-truth tagging mechanism of histology slide image mosaics applicable for the reliable benchmarking of image quality assessment algorithms.
into electronic format holds deep implications for faster and more reliable diagnosis, and is of paramount importance for implementing modern digital pathology approaches. Digital data sets can be swiftly transferred between experts present at different locations [6] [7] [8] , and can be also subjected to automated analysis algorithms that are able to automatically characterize the contained data [9] [10] [11] [12] [13] . Such algorithms can help histopathologists to consolidate their initial assessment [14] , or highlight highly discriminative features, which, if left unnoticed, usually translate to high false positive or false negative rates. Furthermore, digital data can be relatively easily annotated [8] and quickly retrieved from databases based on keyword queries, which can greatly facilitate its use for educational purposes or for correlative diagnostics assays [15] [16] [17] .
An important step forward in virtual microscopy / digital pathology has been made through Whole Slide Imaging (WSI) [7] , [17] . WSI consists in scanning the whole histology slide, a procedure that can be accomplished either by tilebased or line-based scanning [17] . In the former approach, which is more common than progressive scan-based WSI, tiles scanned with a degree of overlap using a square photosensor are stitched together to constitute an image mosaic that represents the whole slide. While WSI is on its way to become a default approach for characterizing tissues in modern histopathology assays, at present its penetration in the clinical realm is still limited by the associated cost of specialized hardware and software tools, which are prohibitive at many geographic locations. However, the advantages of WSI specialized instruments can be replicated via alternative methods that rely on automated or non-automated conventional light microscopes equipped with digital cameras, and algorithms for microscope image mosaicing [18] [19] [20] [21] [22] (a.k.a image stitching).
Same as in image panoramas acquired for natural scenes [23] , building an image mosaic of a histology slide based on overlapping tiles that have been acquired under different illumination conditions or different focus levels can result in image artifacts (e.g. image seams). In the case of histology slide image mosaics, such artifacts have a significant importance as they can result in the improper or deficient interpretation of the final image by the human or the automated expert, with implications for the diagnostic accuracy. To avoid such problems, the image acquisition protocol employed for collecting the tiles that make up the mosaic requires a recalibration of the imaging system when sliding from one sample region to another. This recalibration procedure addresses both focus issues and illumination aspects, to achieve a homogeneous image mosaic in terms of contrast, brightness, sharpness, etc. Different calibration methods, but also the use of different stitching algorithms, can result in digital histology slides with various quality levels. The accurate evaluation of the quality factor of histology slide image mosaics is therefore an important matter, as it can lead to designing improved image acquisition protocols and image stitching methods. An example in this regard can be the following: supposing a new tile is scanned to be added to an incomplete mosaic, its illumination conditions can be manually or automatically modified in a consistent and objective manner by pursuing the maximization of a defined quality factor.
Current Image Quality Assessment (IQA) methodologies are split in two main categories: subjective and objective approaches. While the former are based on the quality scores provided by human experts, the latter rely on mathematical models that can automatically provide an estimate over the perceived image quality (which aims to be consistent with that of a human observer). These objective methods are also divided into three main classes according to the availability of a distortion-free reference image: (i) No-Reference IQA (NR-IQA), a.k.a. ''blind'', (ii) Reduced-Reference IQA and (iii) Full-Reference IQA (FR-IQA).
While several IQA methods have been developed so far specifically for digital pathology [24] [25] [26] [27] , these lag behind IQA methods developed for the evaluation of natural images in terms of popularity, either because they are limited to particular situations or simply because of their recent release date. In these circumstances, when it comes to choosing an IQA, the most straightforward choice for someone working with microscopy images consists in selecting a popular algorithm developed for general use. Using available IQA algorithms in association with microscopy images (and hence with histology slide image mosaics) translates to a series of drawbacks [28] , the most important ones being related to the fact that these methods were designed taking into account the characteristics of natural images, whereas images collected by microscopy (on various sample types, including histology slides) differ due to the nature of the imaged scenes and the acquisition mechanisms. Therefore, arbitrarily selecting an IQA method from the literature and applying it to microscopy image sets can lead to unpredictable results [29] . Shedding more light over which IQA methods are better aligned to microscopy-oriented applications is, in our opinion, thus very important. Studies on this topic are scarce in the literature, making it poorly documented to date, despite the huge importance that image quality assessment holds with respect to microscopy imaging.
Selecting an IQA method developed for other purposes to be used in association with microscopy images for any specific application (e.g. digital pathology applications) should be done only after careful benchmarking. In this regard, the development of evaluation frameworks that allow the identification of the most appropriate IQA algorithms for specific scenarios is of utmost importance. At present, the evaluation of FR-IQA algorithms is performed with methodologies based on Mean Opinion Score (MOS), and other related variants [30] . In MOS based evaluation approaches, human experts assign scores to multiple image instances of the same scene collected under various degradation degrees. Further on, the results provided by the automated IQA methods are compared to the mean score provided by the human experts over the entire image set, using a set of consecrated VOLUME 6, 2018 correlation measures [31] : Pearson's Linear Correlation Coefficient (PLCC) [32] , Spearman's Rank Correlation Coefficient (SROCC) [33] , Root Mean Square Error (RMSE) [34] and the Kendall Rank Correlation Coefficient (KROCC) [35] .
As an empirical method, MOS presents a number of disadvantages regarding its use as ground-truth [36] , [37] . The fact that a human expert may assign different scores to the same image at different moments of time and in different contexts translates to reproducibility issues. In addition, when it comes to scoring of digital images with a medical meaning, the opinion of the experts could vary based on their level of expertise. Furthermore, human experts are limited in their ability to precisely quantify the difference between images, which is also highlighted by the fact that scores provided by human observers usually tend to accumulate towards the ends of the scoring intervals (maximum and minimum grade) [31] . This assigns a semi-quantifiable characteristic to the MOS methodology. In addition, MOS based methodologies are time consuming and require a consistent amount of specialized and skilled human resources.
In this paper we propose a new benchmarking framework that alleviates some of the above-mentioned disadvantages, enabling a more reliable evaluation of IQA algorithms. The proposed framework, coined Objective Quantifiable Scoring System (OQSS), has been developed for benchmarking IQA algorithms with respect to their efficiency to assign a reliable quality factor to digital histology slides resulted from mosaicing. OQSS exploits intrinsic properties of histology slide image mosaics based on brightfield microscopy, for assigning to these an objective score. The objective scores yielded by OQSS can be used as an alternative to MOS or can be used in association with MOS to better benchmark IQA algorithms with respect to the above-mentioned problem.
We find important to mention that while IQA algorithms race to combine an increasing number of image features (such as contrast, luminosity, structural aspects of the specific analyzed image etc.) with simulations of the human visual system (HVS) [38] in order to provide a quality estimate, OQSS is based on an entirely different perspective. It relies on objective scoring criterions that take into consideration fundamental characteristics of image mosaics, such as prominence of seams and aspectual variations across the mosaic tiles. Furthermore, OQSS also takes into consideration histology specific issues such as the ratio between the optical signals corresponding to the two components of the most widely used stain in histopathology, Hematoxylin and Eosin. Taking all the above into consideration, we demonstrate in this work how the OQSS methodology can be implemented, used to assign objective scores to a series of image mosaics collected in a principled manner, and further on used to benchmark the performance of IQA algorithms (Fig. 1) . The first step in implementing OQSS was to generate sets of mosaics, using tiles acquired with brightfield microscopy on histology slides. The next step consisted of identifying the fundamental characteristics of image mosaics (see subsection ''II.E Principles of OQSS methodology'') and the parameters that quantify these characteristics (see subsection ''II.H Parameters used in the OQSS methodology'').
In the final part of this paper we demonstrate the utility of OQSS to evaluate (in the absence of MOS) IQA methods with respect to the problem of histology slide image mosaics. By using scores obtained with the proposed OQSS quality ground-truth tagging methodology, we evaluate a selected set of FR-IQA methods with respect to their capacity to accurately assess the quality level of histology slide image mosaics. OQSS can potentially be used in the exact same manner to evaluate other types of IQA algorithms, e.g. NR-IQA.
We find important to emphasize that OQSS is not meant as an IQA method tuned to the specifics of histology slide image mosaics, as it relies on a set of a priori information (e.g. tile coordinates, position and componence of tile overlap regions, etc.). Instead, the utility of OQSS refers to the necessity of ground-truth information for the evaluation of IQA methods, and is two-fold:
(a) in the absence of MOS, OQSS can be used as an alternative ground-truth tagging mechanism for the quality of histology slide image mosaics. In such scenarios, OQSS should be used in a supervised manner, as a reference mosaic that allows the most optimal observation of the imaged scene needs to be selected by a specialized expert (as discussed later in this article).
(b) in scenarios where MOS observations are available, OQSS can be regarded as a complementary tool to MOS, 53082 VOLUME 6, 2018 which can consolidate the ground-truth quality assessment of histology slide image mosaics by human experts. To ensure statistical significance and to avoid bias, in scenarios where OQSS is used in association with MOS, the experts contributing to the ground-truth scores should be left unaware of the potential principled manner by which the evaluated histology slide image mosaics have been generated.
II. MATERIALS AND METHODS

A. INSTRUMENTATION
The conducted experiments were performed using a Leica DM 3000 LED microscope equipped with an MC 190 HD camera based on s-CMOS sensor with reduced noise factor [39] . Images were collected using a HC PL Fluotar 5x/0.15 ∞/-/OFN25/C objective and the field diaphragm was tuned to avoid vignetting effects.
B. MOSAIC GENERATION
The image tiles used for generating the mosaics have been acquired at a size of 3648x2736 pixels. The degree of overlap between adjacent tiles ranged between 25-35%. The mosaics were assembled using the Grid/Collection Stitching Plug-in available in Fiji [40] . The linear blending stitching method was chosen to assure a smooth transition between the tiles that make up the mosaic and hence to alleviate potential image seams.
C. SAMPLE
The proposed methodology is demonstrated on images acquired on a tissue fragment collected from a patient diagnosed with moderately differentiated (G2) invasive breast cancer of no special type (NST) with extensive foci of high grade ductal carcinoma in situ (DCIS), using the current criteria from WHO Classification of Tumors of the Breast, 4th edition [41] . The tumor grade was established using the Elston-Ellis (Nottingham score) grading system.
The invasive component showed sheets, nests, cords or individual malignant cells with prominent ductal-tubular differentiation. The overall Nottingham score was 6 (glandular acinar/tubular differentiation in about 50% of tumoral areasscore 2; the score for nuclear pleomorphism was also 2 as the nuclei were larger than normal with visible nucleoli, and moderate variability in both size and shape and finally the score for mitotic figures was 2 as the mitotic count revealed about 12 mitotic figures / 10 HPF (high power fields)). As such, the invasive tumoral proliferation was regarded as moderately differentiated (G2). The tumor showed an extensive in situ component, mainly high grade, but also some foci of low grade DCIS with predominantly a cribriform pattern. The in situ component also showed comedo-type necrosis and micro calcification, however the diagnosis of high grade DCIS was based upon the nuclear features of the lesions, and not by the presence of the comedo-type necrosis. Even if this feature is commonly seen with highgrade DCIS, this is not obligatory [41] , [42] . In addition, in the imaged scene a desmoplastic stromal reaction can be observed, which obscures in some areas the tumor cells. The dense collagenous stroma had apparently few stromal cells, but focally some inflammatory cells can be observed, especially at the periphery of the infiltrative component of the lesion.
The imaged specimen samples were fixed with 10% buffered formalin for 24 hours and were processed by conventional histopathological methods using paraffin embedding, 3 µm thick sectioning and Hematoxylin-Eosin (HE) staining.
With respect to the imaged scene (but also as a rule of thumb in histopathology), it is important to highlight the fact that a strong contrast between Hematoxylin and Eosin is very useful for the study of desmoplastic stroma or collagen-rich areas (including some vessels hyalinization). At the same time, a strong contrast highlights the clear optical spaces of the adipose tissue and the luminal component of the DCIS, especially of low grade appearance with a cribriform pattern. Brightness is very useful for detecting cellular and nuclear details that are very necessary to establish a correct Nottingham grading score.
D. EVALUATED FR-IQA ALGORITHMS
The OQSS benchmarking framework that we custom developed to accurately and objectively evaluate IQA methods with respect to their capability to predict the quality of histology slide image mosaics, led to scores that we used to assess the performance of 13 FR-IQA algorithms: Mean Squared Error (MSE) [43] , Peak Signal to Noise Ratio (PSNR) [43] , Structural Similarity Index (SSIM) [44] , Pixel Based Visual Information Fidelity (VIFP) [45] , Universal Quality Index (UQI) [46] , [47] , Noise Quality Measure (NQM) [48] , Weighted Signal-to-Noise Ratio (WSNR) [49] , Signal-to-Noise Ratio (SNR) [50] , Multi-Scale SSIM (MS-SSIM) [51] , Visual Signal To Noise Ratio (VSNR) [52] , Feature Similarity Index (FSIM) [53] , Riesz Transforms based Feature Similarity (RFSIM) [54] , and Spectral Residual based Similarity (SRSIM) [55] . To obtain a hierarchy of these algorithms using the OQSS vector as ground truth, the PLCC, SROCC, KROCC and RMSE correlation coefficients were used.
E. PRINCIPLES OF OQSS METHODOLOGY
In the development of the OQSS methodology specific aspects of histology slide image mosaics were targeted. As a first step, this methodology implies the generation of a set of image mosaics with a controlled hierarchy (in accordance with the opinion of histopathologists). Secondly, the OQSS is based on three defining relationships within the mosaic: tilemosaic, tile-tile, tile-degradation. These relationships will be detailed in subsection II.H.
The main purpose of the IQA algorithms is to rank a set of images by assessing their quality. When referring to typical benchmarking scenarios used for evaluating IQA algorithms, MOS is required to assign a preset quality hierarchy (groundtruth) to the tested images. The OQSS methodology can act as an alternative to MOS, as it includes a step in which a set of image mosaics with a preset hierarchy is assembled. The mosaics in this set are progressively degraded one by one in a logical, objective and controlled manner. For a better understanding on the use of the OQSS methodology let us analyze an example consisting in three mosaics (Fig 2) , each of these assembled from 4 tiles. Each tile is acquired using two different parameter settings−P ref considered the reference parameter and P 1 the degraded parameter. We evaluate the following cases:
• Mosaic #1: all 4 tiles acquired at P ref (where P ref allows
an optimal analysis of the scene by a trained expert);
• Mosaic#2: 3 tiles acquired at P ref , and one tile at P 1 (where P 1 yields a suboptimal analysis of the scene by a trained expert)
• Mosaic #3: 2 tiles acquired at P ref , and the other 2 at P 1 . Considering Mosaic #1 as ground truth, because it is built only with tiles acquired at the reference parameter setting -P ref , we can objectively determine that Mosaic #2 is more degraded compared to Mosaic #1. This is because Mosaic #2 harbors a tile that was collected at a different (suboptimal) acquisition configuration than P ref , which reduces the overall quality of the mosaic. Relying on the same approach, we can determine that Mosaic #3 is more degraded than the other two mosaics.
In this manner, we used different parameter settings to acquire sets of tiles that were further used to assemble the considered sets of histology slide image mosaics. The quality of these mosaics was subsequently ranked according to the previous example. The main advantage of applying this method for generating the test mosaics (which were further on evaluated with the considered FR-IQA algorithms) is reflected in their intrinsic correct quality ranking; each of the generated test mosaics was progressively more degraded than the previous one, compared to the reference image (the only image mosaic assembled entirely from tiles collected at P ref ).
With this study, we thus propose a new quantifiable method, OQSS, to assess the image quality of histology slide image mosaics. OQSS can be used as a groundtruth tagging mechanism (necessary in the evaluation of IQA algorithms) and can complement or replace the MOS reference vector which is typically used in this purpose. The value of this method is directly intertwined with the fact that its design circumvents a critical issue of MOS, which consist in the limited capacity of human experts to precisely quantify the differences that exist between distinct test images. The scores provided by OQSS reflect and quantify in a realistic manner the differences that exist between histology slide image mosaics (as presented in the next section).
F. PARAMETERS CHOSEN FOR TILES DEGRADATION
The OQSS methodology is implemented by building an extensive set of progressively degraded mosaics. The degradation level of the mosaic pieces (tiles) is digitally controlled with constant and quantifiable degree, and is achieved by modifying mathematically modelable imaging parameters that hold a direct influence over the tile aspect: exposure duration and gamma, reflecting the brightness and the amount of contrast in the image.
The exposure duration represents the time range across which the sCMOS photosensor is stimulated [5] . The modification of this parameter is reflected in the variation of the pixels' intensity. Modifications of the gamma parameter introduce a certain degree of nonlinearity in order to comply with the limits of the human vision. Using the equation presented by Hiscocks [56] for the pixels' intensity (I) and considering all involved constants included in illuminance, the following relationship between the final intensity and the modified parameters has been modeled, applying the gamma correction [57] and adding a transfer parameter from the sensor towards the system:
where T is the transfer parameter, γ represents the gamma parameter, and E is the product between illuminance, E v , and exposure duration, t, [58] :
G. ACQUISITION OF IMAGE TILES
In our experiment we used a total number of 224 tile instances. Each of these was acquired so as to cover one of the 16 sample regions depicted in Fig 3. For each of the 16 sample regions, 14 tile variants have been acquired: 7 variants represent tiles collected under different exposure settings, while the remaining 7 represent tiles collected under various values of the gamma parameter (see Table 1 ).
The reference mosaic (Fig 4) was acquired by collecting each tile under an optimal acquisition configuration. According to the opinion of expert pathologists, this set of optimal acquisition parameters allows an excellent observation of the image features that are important for the histopathological characterization of the imaged sample, (taking into account the aspects presented in subsection ''II.C Sample'').
For the two considered degradation parameters (exposure and gamma), 4 subsets corresponding to a unidirectional change related to the reference parameter were selected as follows:
• Subset 1: (r, e 1 , e 2 , e 3 ) • Subset 2: (r, e 4 , e 5 , e 6 ) • Subset 3: (r, γ 1 , γ 2 , γ 3 )
• Subset 4: (r, γ 4 , γ 5 , γ 6 ) These subsets were chosen to satisfy a unidirectional variation of the modified parameters, hence simplifying the comparison of mosaics and ensuring a correct ranking.
In our experiment 48 mosaics were assembled for each degradation subset. The procedure to degrade the mosaics and their ordering under exposure degradation are presented in Fig 5. A similar degradation strategy was employed in the case of the gamma parameter.
Representative images belonging to each subset are presented in Fig.6 . Several cases which could lead to a questionable objectivity were identified, see Fig 7. , and in consequence these were not used in our experiment.
H. PARAMETERS USED IN THE OQSS METHODOLOGY
Our methodology considers three important relationships that define the quality of a mosaic. Firstly, each tile is assigned a degree by which it influences the final mosaic, defining the tile-mosaic relationship. At the same time, each tile is individualized within the mosaic through its content, thus defining the tile-tile relationship. Furthermore, because the degradation is realized at the tiles' level, the tile-degradation relationship is established. Each relationship introduces one parameter which is used in the proposed scoring system.
1) AREA PARAMETER, A
The first introduced relationship, tile-mosaic, is modeled through the area parameter, A. We define this parameter as the number of pixels which are found either in tile overlap regions, or in non-overlap regions. Using the area parameter allows an exact assessment of the influence that a tile holds within a mosaic, as well as its position. For example, a tile localized in the mosaic corner has a lesser number of neighboring tiles that can potentially overlap with it, compared to tiles in non-corner positions. In consequence, these latter tiles exhibit a higher influence over the mosaic's aspect/degradation.
The computation of the areas corresponding to either overlap or non-overlap regions is performed using a simulated version of the collected image mosaic, consisting in 16 virtual tiles (rectangular regions with known dimensions and degrees of overlap, matching the dimensions of the acquired tiles, Fig. 8a) . The positioning coordinates of the depicted virtual VOLUME 6, 2018 tiles have been extracted from the image file used in the stitching process.
To better clarify the nomenclature used in this article let us mention the following: the mosaic can be regarded as being comprised of (i) tiles (images acquired for each specific fieldof-view), (ii) overlap and non-overlap regions (corresponding to the superposition, or its lack, of neighboring tiles) or (iii) areas (non-overlap regions and distinct subregions of the overlap regions -depending on the number of contributing neighbor tiles). In Fig. 8a we illustrate the simulated mosaic where the overlap areas are highlighted through a color difference scheme. Each color within the simulated mosaic corresponds to distinct areas, which are defined by their number of pixels. The calculated areas are normalized to their sum, thus constructing the A k parameter, where k = 1, . . . , K is the area's number, and K corresponds to the overall number of areas.
2) INDIVIDUALITY PARAMETER, HE
The second relationship that we consider, tile-tile, is defined through the Hematoxylin-Eosin Ratio parameter (HE) by which we quantify the difference between distinct images in terms of level of information content. In the absence of a priori knowledge it is not possible to compare the amount of diagnostically relevant information contained in different tiles. We therefore start from the premise that all information contained in a tile is useful. The type of information we are interested in is the level of contrast between the sample regions stained by the Hematoxylin (H) and Eosin (E) markers, typically used for tissue staining in traditional histopathology protocols for tissue characterization and diagnostic confirmation.
We consider the importance of both H and E signals to be equal, hence the degradation of a tile that contains only Hematoxylin will lead to an information modification similar to that introduced by the degradation of a tile containing only Eosin. On the other hand, the degradation of a tile containing sample regions stained with both Hematoxylin and Eosin has a different effect compared to the previous example. A low contrast between the two markers can lead to misinterpretations of the imaged scene, and hence to a less reliable diagnostic.
The proposed HE parameter quantifies the probability of low contrast between the two markers. It is expressed through the ratio between the number of Hematoxylin pixels and the number of Eosin pixels within an area. If the value of this ratio is close to unity, the probability for low contrast is high.
To compute the HE parameter, the Color Deconvolution [59] plug-in for ImageJ is applied to each overlap and non-overlap region of the mosaic to determine the corresponding number of pixels for Hematoxylin, N h , and Eosin, N e . The HE parameter is defined as the ratio between these numbers, for K areas in the mosaic:
3) PARAMETER DESCRIBING THE DEPENDENCE BETWEEN TILE AND DEGRADATION DEGREE, N
The third, and last, relationship is expressed by a parameter coined N , which models the influence of various degradation degrees over the tiles composing the mosaic. The parameters observed in this study have a direct influence on the intensity of pixels according to (1) . The parameter N is defined based on the dependence between the average intensity of the tile pixels and the exposure levels (respectively the gamma values) that have been modified during the experiment. Thus, for each subset a vector N i (i=1 to 4) is defined, consisting of the following elements:
, contains the reference value, arbitrary considered equal to unity;
• N i [1] , models how the tile is modified by the first degradation degree (e 1 , γ 1 respectively, e 4 , γ 4 );
• N i [2] , models how the tile is modified by the second degradation degree (e 2 , γ 2 respectively, e 5 , γ 5 );
• N i [3] , models how the tile is modified by the third degradation degree (e 3 , γ 3 respectively, e 6 , γ 6 ). The computation of these elements considers the noise associated to the sensor as being negligible. In consequence, the dependence of intensity on the exposure parameter can be defined as:
Further on, to calculate the values of the above mentioned vectors, we consider that the ratio:
where Im ei is the mean intensity of the pixels from an acquired tile at e i (any of the exposure parameters) and Im r is the mean intensity of the reference tile pixels, and does not depend on the tile. Thus, the vectors N 1 and N 2 (specific to subsets 1 and 2) could be defined as follows:
The gamma parameter is evaluated using the following equation:
where I m γ i represents the mean intensity of the pixels from a tile acquired at γ i (any of the gamma parameters) and I m r is the mean reference intensity. It can be noticed that the final ratio is tile independent, therefore the N 3 and N 4 VOLUME 6, 2018
vectors (specific to subsets 3 and 4) can be defined as follows: 
The applied stitching method uses a linear blending algorithm, with a 20% blending portion. Thus, within 80% of the overlap region (corresponding to two neighboring tiles) the intensities are mediated, and within the two adjacent regions − 10% on both sides of the overlap region, a linear transition with equal slopes but opposite signs takes place. Consequently, the two slopes are compensating for each other. When referred to the component tiles, the overlapping regions respect the same dependence of the intensity values on the modified parameter. Therefore, in the overlapping region a mediation of N i parameters of the composing tiles was considered.
By applying this procedure, four new vectors (referred as N i ) are created. These contain both the values of the initial N i vectors and the mediated values for each possible combination of the N i elements, corresponding to the overlap regions.
III. RESULTS AND DISCUSSION
The OQSS score of a mosaic represents the sum of the scores assigned to comprised areas. For the two considered mosaic sets (exposure set and gamma set) we propose two particularized scoring schemes.
The proposed scoring equation for the exposure degradation set is:
where k represents each area from the j th mosaic (j=1:48) and 0.6 is the reference gamma. For the gamma degradation set the scoring formula in Eq. 9 becomes:
where 5.7 is the reference exposure.
As was previously presented, the N i vectors (one for each subset) contain both the N i values and all the possible combinations of overlap regions. Thus, we denote by N hj (where h represents the set used -'1' for exposure or '2' for gamma degradation, and j represents the number of the mosaic) a vector which contains only the values of the combinations that are found within the j th mosaic.
To illustrate the applicability of OQSS, we have benchmarked the performance of 13 FR-IQA algorithms using the calculated OQSS scores (using Eq. 9 or Eq. 10, respectively) as reference. The results obtained using a consecrated set of correlation measures are presented in Tables 2 to 5 . The correlation coefficients used in our study can be interpreted as follows: the SROCC and KROCC indicate the prediction monotonicity (the correlation between the predicted ranking order and the ground truth quality ranking order), whereas PLCC and RMSE serve as measures of prediction accuracy. A better correlation of the IQA metrics with the ground truth quality estimate (e.g. MOS, or in our case OQSS), means a value close to one for PLCC, SROCC, KROCC and a value close to zero for RMSE [31] . To highlight the FR-IQA methods that perform best for the considered scenarios, in Tables 2 to 5 we present in bold font the PLCC values > 0.95, the RMSE values < 0.05, and the SROCC/KROCC values = 1.
In the case of MOS-based benchmarking of IQA algorithms, it is necessary to compensate the tendency of human experts to assign scores in the proximity of the lower and upper ends of the scoring intervals (maximum and minimum scores). To achieve this, a mapping function is typically used [31] , [60] . As the OQSS scoring does not present this shortcoming, no mapping function has been applied to the OQSS vector that we use as ground-truth. Analyzing the correlation results, we can observe that KROCC and SROCC coefficients have unitary values for several algorithms, meaning that these IQA methods order mosaics correctly according to their degradation. The IQA algorithms that yield KROCC/SROCC values lower than unity, are those that assign a different (incorrect) quality order in the assembled sets of mosaics compared to the objective ordering generated in this work. Regarding this aspect, we find important to emphasize the following situation: the majority of the evaluated FR-IQA algorithms that yield KROCC/SROCC values lower than one assign a lower score to mosaic 24 (Fig 9 (a) ) compared to mosaic 48 (Fig 9  (b) ). From an aesthetic point of view, this scoring is correct as mosaic 48 has a homogeneous aspect whereas mosaic 24 does not. However, from a practical point of view (referring to the capacity of an expert to identify pathological features of interest in the imaged scene), this scoring is incorrect, as mosaic 24 has in its componence a higher number of titles acquired at a more optimal acquisition configuration, compared to mosaic 48. This is important because image mosaics collected with brightfield microscopy on histology slides are used for diagnostic purposes, and hence the aesthetic aspect of the mosaic is much less significant when compared to the importance of the level of contained information and the ease of observing details of medical interest. Although Fig. 9 exemplifies a particular situation from Subset 2, this situation is very representative for how the IQA algorithms with KROCC/SROCC scores lower than one perform in the case of the other subsets. As these IQA algorithms do not follow the experts' hierarchy, their use in association with histology slide image mosaics should be performed with caution. From the remaining evaluated algorithms our evaluation framework proposes MS-SSIM as being the best.
IV. CONCLUSIONS
In this paper we propose a new methodology, OQSS, to quantify in an objective manner the quality of image mosaics assembled from tiles acquired under different acquisition conditions on histology slides with brightfield microscopy. This proposed methodology can be used to assign reference quality scores to histology slide image mosaics based on objective considerations. In the absence of MOS, OQSS can be used as an alternative ground-truth tagging mechanism for the quality of histology slide image mosaics, whereas in scenarios for which MOS values are available, OQSS can be used as a complementary tool. In this latter scenario it can VOLUME 6, 2018 consolidate the ground-truth quality assessment of histology slide image mosaics by human experts, by alleviating some of the well-known disadvantages associated to subjective MOS based benchmarking: irreproducibility, variable opinion and semi quantifiable scoring.
Using a reference vector assembled by applying the proposed OQSS methodology, we analyzed 13 FR-IQA algorithms with respect to their capability to accurately assign scores to several sets of histology slide image mosaics that we assembled in a principled manner to ensure controlled progressive degradation. A significant number of the evaluated FR-IQ algorithms have been found to induce a different hierarchy among the tested images compared to the correct one (resulted from the mosaic degradation scheme). Among the algorithms that respect the correct ordering, the proposed evaluation framework suggests MS-SSIM as best, in terms of SROCC, KROCC, PLCC and RMSE correlation coefficients. ACKNOWLEDGMENT S. G. Stanciu and N. Sladoje express their gratitude to the COST Action CA15124 NEUBIAS, which facilitated their interactions over the presented work.
